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Abstract 

Background: The progressive integration of artificial intelligence (AI) into healthcare systems 

has generated substantial interest in its potential to extend human healthspan and lifespan. This 

narrative review examines the current state of AI applications relevant to longevity, with a 

focus on disease prediction and prevention, drug discovery, genomic analysis, and age-related 

risk stratification in older adults. 

Methods: A comprehensive review of peer-reviewed literature was conducted using PubMed, 

Scopus, and Web of Science databases, supplemented by gray literature from regulatory 

agencies and international health organizations. Studies published between 2013 and 2024 

were prioritized, with foundational works included where appropriate. 

Results: Artificial intelligence demonstrates considerable promise in early detection of 

cardiovascular disease, oncologic conditions, and neurodegenerative disorders, often 

outperforming conventional risk models. Machine learning-based biological aging clocks offer 

novel frameworks for quantifying individual aging trajectories. However, persistent challenges 

including data fragmentation, algorithmic bias, regulatory ambiguity, and limited clinical 

interpretability constrain widespread adoption. 

Conclusion: While AI holds transformative potential for extending both lifespan and 

healthspan, its realization depends on rigorous validation, equitable data representation, 

transparent model design, and interdisciplinary governance frameworks. AI should be 

positioned as a clinical decision-support tool that augments, rather than supplants, human 

medical judgment. 

Keywords: Aging; Artificial Intelligence; Disease Prevention; Healthcare; Longevity; 

Predictive Machine Learning.
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Introduction

he aspiration for extended longevity 

has characterized human civilization 

across recorded history; however, 

the convergence of computational 

technology and biomedical science now 

renders this ambition scientifically tractable 

in unprecedented ways. According to 

United Nations projections, approximately 

two billion individuals globally will be 

aged 60 years or older by 2050, 

representing more than a twofold increase 

relative to 2015 figures [1]. This 
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demographic transformation necessitates a 

fundamental reorientation of healthcare 

delivery systems toward proactive, 

personalized, and scalable interventions. 

Contemporary evidence documents 

remarkable gains in life expectancy over 

the past century. Where average lifespans in 

most regions once approximated 40–50 

years, global life expectancy has risen to 

approximately 72.8 years, with high-

income nations frequently exceeding 80 

years [2]. These gains reflect multifactorial 

advances, including the management of 

cardiovascular risk, oncologic therapeutics, 

and widespread immunization programs 

[3,4]. 

Despite these achievements, the burden of 

non-communicable, chronic diseases—

including type 2 diabetes mellitus, 

cardiovascular disease, cerebrovascular 

accident sequelae, and musculoskeletal 

disorders—continues to erode both lifespan 

and health-related quality of life [5,6]. 

Reactive healthcare models, which 

intervene only after pathological 

manifestations become clinically apparent, 

are structurally ill-suited to address the 

complex, multimorbid conditions 

characteristic of aging populations. 

Artificial intelligence, by contrast, offers a 

paradigm shift: the capacity to analyze vast, 

heterogeneous health datasets, identify 

subtle pre-symptomatic signals, and 

generate individualized predictive models 

[7]. 

Artificial intelligence encompasses a 

spectrum of computational 

methodologies—including supervised 

machine learning, deep neural networks, 

natural language processing, and 

reinforcement learning—that enable 

systems to identify complex patterns in 

high-dimensional datasets without explicit 

rule-based programming. In clinical 

medicine, machine learning has accelerated 

the identification of candidate anti-aging 

compounds [8], elucidated person-specific 

genomic aging signatures [9], and enabled 

risk stratification for age-associated 

conditions with a precision that 

substantially exceeds that of traditional 

actuarial tools [10]. 

However, the deployment of AI in clinical 

settings involves significant ethical, 

regulatory, and operational complexities. 

Concerns regarding data security, 

algorithmic fairness, model 

generalizability, and the digital 

stratification of healthcare access demand 

rigorous examination commensurate with 

the enthusiasm surrounding these 

technologies [11]. 

This review synthesizes available evidence 

on AI's role in promoting human longevity, 

examining applications in disease 

prediction, prevention, and biological aging 

assessment. It critically appraises both the 

documented achievements and the 

substantive barriers to implementation, 

with the aim of providing a balanced, 

evidence-based account for researchers, 

clinicians, and policymakers engaged in the 

emerging field of AI-augmented longevity 

medicine. 

2. Artificial Intelligence in Disease 

Prediction and Prevention 

Among the most consequential applications 

of AI in longevity medicine is its capacity 

for early disease detection—identifying 

pathological risk prior to the emergence of 

clinical symptoms. Machine learning 

models, trained on retrospective datasets of 

electronic health records, imaging data, and 

genomic profiles, can identify patterns 

associated with adverse outcomes at a stage 

when preventive intervention remains most 

efficacious [12]. 

2.1 Cardiovascular Disease 

Cardiovascular disease remains the leading 

cause of mortality globally. Classical risk 

stratification instruments, such as the 

Framingham Risk Score, rely on a limited 

number of discrete variables and 

demonstrate restricted discriminative 

accuracy across diverse populations. 

Artificial intelligence models that integrate 
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genetic, behavioral, longitudinal 

laboratory, and wearable device data have 

demonstrated superior performance in 

identifying individuals at elevated 

cardiovascular risk [13]. Multiple 

independent studies have confirmed that 

machine learning approaches significantly 

outperform traditional models in predicting 

major adverse cardiovascular events [14]. 

2.2 Oncologic Detection 

Artificial intelligence is increasingly 

deployed in oncologic screening, where 

early detection correlates directly with 

improved prognosis. Convolutional neural 

networks trained on dermatoscopic images 

have achieved diagnostic accuracy for 

malignant melanoma equivalent to board-

certified dermatologists [15]. Analogous 

systems have demonstrated efficacy in the 

analysis of mammographic, pulmonary, 

and colonoscopic imagery for early 

malignancy detection [16]. These 

developments suggest that AI-assisted 

screening could meaningfully advance the 

temporal boundary of cancer diagnosis 

toward stages associated with curative 

therapeutic potential. 

2.3 Neurodegenerative Conditions 

Neurodegenerative disorders, particularly 

Alzheimer's disease, frequently progress 

subclinically for years prior to diagnosis, 

when intervention is most likely to 

meaningfully alter disease trajectory. 

Machine learning algorithms that integrate 

neuroimaging biomarkers, polygenic risk 

scores, and neuropsychological assessment 

data have demonstrated capacity to identify 

individuals at risk for cognitive decline 

substantially in advance of symptom onset 

[17]. Earlier identification creates a 

therapeutic window that is absent in 

reactive diagnostic paradigms. 

2.4 Metabolic and Cerebrovascular 

Disease 

In the domain of metabolic disease, 

machine learning models trained on 

electronic health records have 

demonstrated high accuracy in identifying 

individuals at risk for type 2 diabetes, 

enabling targeted preventive interventions 

[18,26]. Similarly, AI-driven stroke 

prediction models that integrate multimodal 

clinical variables have outperformed 

standard risk calculators in prospective 

validation cohorts, potentially enabling 

more effective primary prevention [19]. 

2.5 Infectious Disease Surveillance 

The COVID-19 pandemic provided 

compelling evidence of AI's utility in 

infectious disease management. Machine 

learning systems rapidly identified 

vulnerable subpopulations and optimized 

resource allocation during peak demand 

periods [20]. These capabilities extend to 

other infectious diseases, where AI-assisted 

analysis of clinical and microbiological 

data supports timely differential diagnosis 

and pathogen-specific treatment selection 

[21]. 

2.6 Biological Aging Clocks 

A particularly innovative application 

involves computational models that 

estimate biological age independent of 

chronological age. Trained on multi-omic 

datasets—including DNA methylation 

profiles, transcriptomic data, and clinical 

biomarkers—these "aging clocks" produce 

estimates of physiological aging rate that 

correlate with health outcomes and 

mortality risk [22,23]. Some investigators 

propose that such models may ultimately 

serve not merely as predictive instruments 

but as dynamic readouts for evaluating the 

efficacy of candidate geroprotective 

interventions [23]. 

3. Artificial Intelligence in Drug 

Discovery and Genomic Analysis 

Artificial intelligence has materially 

transformed both the rate and scope of 

pharmaceutical discovery. Conventional 

drug development pipelines are 

characterized by extended timelines and 

high attrition rates; AI-driven virtual 

screening and generative molecular design 
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platforms substantially reduce these 

barriers by rapidly traversing vast chemical 

spaces to identify promising candidate 

compounds [8]. 

In the specific context of aging biology, 

machine learning systems have been 

applied to identify compounds that 

modulate candidate longevity pathways, 

including mechanistic target of rapamycin 

(mTOR) signaling, sirtuin activity, and 

senolytic mechanisms. These in silico 

approaches enable hypothesis generation at 

a scale and speed that would be 

unachievable through conventional 

experimental paradigms. 

Deep learning architectures have similarly 

advanced genomic analysis, enabling 

systematic identification of non-linear, 

high-order interactions among genetic 

variants and their phenotypic correlates [9]. 

The elucidation of individual-specific 

genomic aging signatures—patterns of 

variant accumulation, epigenetic 

modification, and telomeric attrition—

provides a foundation for precision 

geroprotection tailored to each patient's 

biological profile. The integration of 

polygenic risk scoring with environmental 

and behavioral variables represents an 

emerging frontier in personalized 

preventive medicine [39]. 

4. Challenges in Implementing Artificial 

Intelligence in Healthcare 

Despite considerable promise, the 

integration of AI into clinical practice is 

impeded by a constellation of substantive 

challenges that demand systematic 

attention. 

4.1 Data Quality, Availability, and 

Representativeness 

The performance of any machine learning 

system is fundamentally contingent on the 

quality and representativeness of its 

training data. Electronic health record data 

are frequently fragmented across disparate 

institutional repositories, encoded in non-

interoperable formats, and subject to 

systematic documentation errors and 

omissions [43]. These limitations constrain 

the generalizability of models trained on 

such data. 

A more consequential concern is the 

underrepresentation of specific 

demographic groups—including racial and 

ethnic minorities, older adults, and 

individuals from low-income settings—in 

the datasets used to develop AI systems 

[44]. Such representational gaps generate 

models with differential performance 

across subpopulations, with the potential to 

exacerbate existing health disparities rather 

than ameliorate them. 

4.2 Privacy, Ethics, and Algorithmic Bias 

Medical data constitute among the most 

sensitive categories of personal 

information, and their incorporation into AI 

systems raises legitimate concerns 

regarding unauthorized access, secondary 

use, and re-identification risk [45]. 

Legislative frameworks, including the 

Health Insurance Portability and 

Accountability Act (HIPAA) in the United 

States and the General Data Protection 

Regulation (GDPR) in the European Union, 

establish minimum standards for data 

governance, but the tension between 

privacy preservation and the data volume 

requirements of AI training remains 

unresolved. 

Beyond privacy, AI systems raise 

substantive ethical questions regarding 

accountability for diagnostic or therapeutic 

errors attributable to algorithmic outputs, 

the propagation of historical inequities 

embedded in training data, and the 

adequacy of informed consent frameworks 

for AI-assisted clinical decisions [11,46]. 

Empirical evidence of algorithmic bias in 

clinical AI is documented and concerning. 

A landmark analysis by Obermeyer et al. 

demonstrated that a widely deployed 

commercial risk stratification algorithm 

systematically underestimated the medical 

need of Black patients relative to White 

patients of equivalent disease severity, 
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because it employed healthcare 

expenditure—a proxy confounded by 

systemic access inequities—as a surrogate 

for clinical complexity [47]. This finding 

illustrates that algorithmic bias in 

healthcare is not merely a theoretical 

concern but an active mechanism capable 

of amplifying entrenched disparities. 

4.3 Regulatory Frameworks and Clinical 

Validation 

The regulatory evaluation of AI-based 

clinical decision-support tools presents 

methodological challenges that current 

frameworks, largely designed for static 

pharmaceutical agents and fixed-function 

medical devices, do not fully address [48]. 

Adaptive, continuously learning AI 

systems may exhibit performance drift over 

time, necessitating longitudinal post-

deployment monitoring protocols that 

extend beyond the scope of traditional 

clinical trial designs. 

A further concern is the performance gap 

between controlled research settings and 

real-world clinical environments. Models 

that demonstrate strong performance in 

retrospective validation may fail to 

generalize when confronted with the 

heterogeneity of clinical populations, 

documentation practices, and institutional 

workflows [49]. Multi-site prospective 

validation represents the methodological 

standard required before clinical 

deployment, yet few published AI systems 

have undergone evaluation of this rigor. 

4.4 Clinical Integration and Physician 

Acceptance 

Even technically validated AI tools may 

encounter substantial barriers to clinical 

adoption. Physicians trained prior to the 

widespread deployment of computational 

decision-support tools often regard 

algorithmic recommendations with 

justifiable skepticism, particularly when the 

reasoning underlying these 

recommendations is opaque [50]. This 

"black box" problem—characteristic of 

deep learning architectures with millions of 

learned parameters—impedes the 

development of physician trust necessary 

for effective clinical integration [51]. 

Research on explainable AI (XAI) seeks to 

address this limitation by developing 

methods that render model reasoning 

interpretable to clinical end-users. 

However, the trade-off between predictive 

performance and interpretability remains an 

active area of methodological inquiry, and 

no consensus approach has yet emerged 

[52]. Successful clinical integration 

additionally requires that AI tools be 

embedded within existing workflows in 

ways that reduce rather than augment 

cognitive and administrative burden [53]. 

4.5 Economic Considerations and Health 

Equity 

The development and maintenance of high-

performance AI systems requires 

substantial investments in computational 

infrastructure, data engineering, and 

specialized human capital [54]. Smaller 

institutions and health systems in resource-

constrained settings risk systematic 

exclusion from the benefits of these 

technologies, potentially concentrating AI-

mediated health gains among already-

advantaged populations. Furthermore, AI 

models require ongoing retraining as 

patient populations, practice patterns, and 

disease epidemiology evolve, necessitating 

sustained organizational and financial 

commitments [55]. 

4.6 Interpretability, Accountability, and 

Decision Support 

The interpretability challenge in clinical AI 

extends beyond physician trust to 

encompass questions of accountability and 

continuous quality improvement. When an 

AI system contributes to a diagnostic error 

or adverse clinical outcome, the absence of 

transparent reasoning impedes root cause 

analysis and corrective action [56]. Some 

scholars have argued that intrinsically 

interpretable models should be preferred for 

high-stakes clinical decisions, accepting a 
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modest reduction in predictive accuracy in 

exchange for transparency [51]. 

5. The Path Forward: Strategic 

Recommendations 

Addressing the foregoing challenges 

requires coordinated action across the 

research, clinical, regulatory, and policy 

domains. The following recommendations 

are advanced on the basis of the reviewed 

evidence. 

5.1 For Researchers and AI Developers 

Research teams should adopt a design 

philosophy that prioritizes clinical 

transparency alongside predictive accuracy, 

particularly for applications involving high-

stakes decision-making. Prospective 

identification and mitigation of algorithmic 

bias across demographic subgroups should 

be treated as a methodological requirement 

rather than an optional extension. Clinical 

validation conducted across diverse 

institutional and geographic settings should 

be considered a prerequisite for claims of 

generalizability. Adoption of open-science 

principles—including code and dataset 

sharing where privacy constraints permit—

would accelerate external replication and 

strengthen the evidentiary base for clinical 

deployment. 

5.2 For Clinicians and Healthcare 

Institutions 

Healthcare institutions should invest in 

structured AI literacy training that equips 

clinicians with the conceptual tools 

necessary to critically evaluate algorithmic 

recommendations and recognize the 

limitations of specific systems. AI should 

be implemented as a component of existing 

clinical workflows rather than as a 

supplementary layer that increases 

documentation burden. Systematic post-

deployment performance monitoring, 

including surveillance for performance drift 

and differential outcomes across patient 

subgroups, should be operationalized as a 

condition of sustained use. 

 

5.3 For Policymakers and Regulators 

Regulatory agencies should develop 

adaptive frameworks capable of evaluating 

continuously learning AI systems and 

applying post-market surveillance 

requirements appropriate to their dynamic 

nature. Data governance policies should 

facilitate the creation of interoperable, 

privacy-preserving health data 

infrastructure to support AI development 

without compromising individual rights. 

Incentive structures should be designed to 

promote AI development for underserved 

populations and resource-limited settings, 

where the potential for disproportionate 

benefit is substantial [60,61]. Clear legal 

and professional frameworks for 

accountability in cases of AI-attributable 

harm should be established prospectively. 

5.4 For Healthcare Consumers 

Individuals should be supported in 

developing health literacy that 

encompasses the role of AI in clinical 

decision-making, including the right to 

disclosure when AI systems have been used 

in their care. Participation in AI research 

trials constitutes a mechanism by which 

patients can contribute to improving the 

generalizability and equity of AI systems. 

Engagement with preventive health 

recommendations generated by AI-assisted 

risk assessment represents an opportunity 

for individuals to realize potential longevity 

benefits through behavior modification 

prior to the emergence of clinical disease. 

6. Research Priorities 

Several domains require prioritized 

investigation to advance the field. 

First, the development and validation of 

biological aging biomarkers that are both 

clinically interpretable and responsive to 

intervention should be considered a central 

priority. Aging clocks that merely describe 

chronological deviation provide limited 

actionable guidance; instruments capable of 

documenting biological rejuvenation in 

response to geroprotective interventions 
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would substantially advance translational 

aging research [22,23]. 

Second, multimorbidity—the coexistence 

of multiple chronic conditions—is the 

normative experience of older adults and 

represents a domain where AI's capacity to 

integrate heterogeneous data streams may 

offer particular value. AI models designed 

explicitly for multimorbid clinical contexts, 

rather than optimized for single-disease 

performance, warrant dedicated research 

investment [29]. 

Third, personalized intervention 

optimization—the use of reinforcement 

learning and contextual bandit algorithms 

to identify the behavioral, pharmacological, 

and therapeutic strategies most likely to 

benefit a given individual based on their 

unique biological and environmental 

profile—represents a theoretically 

compelling but empirically underdeveloped 

application. 

Fourth, the development of low-cost, 

deployable AI tools specifically designed 

for low- and middle-income country 

contexts—where the burden of preventable 

chronic disease is greatest and clinical 

human capital most constrained—

represents both a scientific and an ethical 

priority [61]. 

Fifth, rigorous health equity research that 

examines whether AI-mediated 

interventions narrow or widen existing 

health disparities is essential to ensure that 

the field's aspirational goals translate into 

equitably distributed outcomes. 

7. Ethical Framework 

All applications of AI in healthcare must be 

evaluated against a consistent ethical 

framework grounded in established 

principles of biomedical ethics. 

Beneficence requires that AI tools be 

deployed with demonstrable intent to 

improve patient-centered outcomes, rather 

than primarily to reduce costs or enhance 

institutional efficiency. Non-maleficence 

demands that prospective harms—

including bias-mediated disparities and 

privacy breaches—be systematically 

identified and mitigated prior to 

deployment. Respect for patient autonomy 

requires that individuals be informed of 

AI's role in their care and retain ultimate 

decision-making authority over treatment 

choices. Justice mandates that the benefits 

and risks of AI be distributed equitably 

across populations, without discrimination 

on the basis of socioeconomic status, 

geographic location, race, or other 

protected characteristics. Finally, 

transparency requires that AI systems be 

designed to the maximum feasible degree 

of interpretability, enabling meaningful 

oversight by clinicians, patients, and 

regulatory bodies. 

8. Conclusion 

Artificial intelligence represents a 

scientifically credible and potentially 

transformative contributor to the extension 

of human lifespan and healthspan. Its 

capacity to analyze high-dimensional, 

heterogeneous health data and generate 

actionable predictive insights positions it as 

a powerful complement to conventional 

clinical expertise across domains including 

cardiovascular risk stratification, oncologic 

screening, neurodegenerative disease 

detection, and personalized pharmacology. 

Biological aging clocks and AI-assisted 

drug discovery further suggest the 

possibility of eventually targeting the aging 

process itself, not merely its downstream 

pathological manifestations. 

The historical precedents for population-

level longevity gains—from the control of 

infectious disease in the twentieth century 

to the development of evidence-based 

cardiovascular preventive medicine—

demonstrate that systemic, technology-

enabled interventions can produce 

substantial and lasting extensions of 

average lifespan. Artificial intelligence may 

constitute the next such inflection point. 

However, the responsible realization of this 

potential requires confronting substantive 
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challenges with intellectual honesty and 

institutional commitment. Data 

fragmentation, algorithmic bias, 

interpretive opacity, regulatory inadequacy, 

and inequitable access are not peripheral 

concerns to be managed after deployment; 

they are central conditions for responsible 

development. AI must be validated with the 

same methodological rigor applied to 

pharmaceutical agents, deployed with 

appropriate governance structures, and 

monitored continuously for both 

performance and equity outcomes. 

Critically, AI must be understood as a 

clinical decision-support technology that 

augments the judgment, compassion, and 

contextual sensitivity of skilled 

clinicians—not as a replacement for the 

human dimensions of medical care. The 

physician-patient relationship, grounded in 

trust, communication, and individualized 

assessment, cannot be computationally 

replicated and must remain at the center of 

clinical practice. 

The path forward is one of genuine 

interdisciplinary collaboration: engineers 

and clinicians, researchers and regulators, 

health systems and communities. Progress 

requires investment not only in algorithms 

and infrastructure but in equitable data 

ecosystems, adaptive regulatory 

frameworks, AI-literate clinical 

workforces, and governance structures that 

hold technology accountable to the 

populations it purports to serve. If these 

conditions are met, artificial intelligence in 

healthcare may fulfill its extraordinary 

potential—not as a technological spectacle, 

but as a measured and equitable 

contribution to one of medicine's most 

fundamental aspirations: a longer, healthier 

life for all. 
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